| INTRODUCTION
Heart rate varies over different timescales due to different physiological influences on heart rate, such as diurnal rhythm, Mayer waves, and respiratory activity (e.g., Berntson et al., 1997) . Measures of heart rate variability (HRV) assess the beat-to-beat variation in heart rate over time. The measures often analyze the RR intervals, which are the intervals between successive R-wave peaks in the cardiac signal (NASPE & T.F.o.t.E.a.t, 1996) . It is recommended that HRV measures are performed on cardiac recordings collected through short-term recordings in controlled settings (e.g., 5 min) or long-term 24-hr cardiac recordings (NASPE & T.F.o.t.E.a.t, 1996) . Long-term recordings are frequently used in research and applied settings, but are more likely than short-term recordings to contain artifact.
Artifact in cardiac recordings can arise through two sources.
Electrocardiography (ECG) artifact can arise from movement of the electrodes, muscle movements being misinterpreted as a cardiac signal, or line noise in the recording circuitry (Friesen et al., 1990; Manis, Alexandridi, Nikolopoulos, & Davos, 2005; Peltola, 2012) . Twentyfour-hour cardiac recordings are usually ambulatory and can contain significant amounts of ECG artifact (Berntson, Quigley, Jang, & Boysen, 1990; Berntson & Stowell, 1998) . HRV (or physiological) artifact (e.g., Peltola, 2012) can be caused by physiological cardiac events such as ventricular ectopic beats (VEBs) (Barbieri & Brown, 2006; Lippman, Stein, & Lerman, 1994; Wen & He, 2011) or arrhythmias (Sapoznikov, Luria, Mahler, & Gotsman, 1992) .
HRV measures are divided up into time domain, frequency domain,
and nonlinear types (NASPE & T.F.o.t.E.a.t, 1996) . It is established that HRV measures are sensitive to artifact (e.g., NASPE & T.F.o.t.E.a.t, 1996; Peltola, 2012) . However, the comparative sensitivity of HRV measures among several time domain, frequency domain, and nonlinear methods has not been established.
Time domain measures comprise statistical measures performed
on the time series of cardiac beat-to-beat intervals. The measures include the SD of all RR intervals (SDNN), the square root of the mean-squared differences of the successive RR interval (RMSSD) and geometric HRV measures, such as TINN and RR triangular index.
Frequency domain HRV measures are based on calculations of the power component of the cardiac signal across a frequency spectrum.
The frequency components of a cardiac RR interval series are measured by either nonparametric methods such as fast Fourier transform (FFT) or parametric methods such as autoregressive (AR) calculation.
Both methods yield power for discreet frequency bands. These bands are, by convention, divided into high-frequency (HF, 0.15-0.4 Hz), low-frequency (LF, 0.04-0.15 Hz), very low-frequency (VLF, 0.0033-0.04 Hz), and ultralow-frequency (ULF, <0.0033 Hz) components (NASPE & T.F.o.t.E.a.t, 1996) . HF and LF measures can be normalized, such that LF (normalized power) = LF/(LF + HF) and HF (normalized power) = HF/(LF + HF). Relative power is the ratio of either the VLF, LF, or HF power components divided by the total power (VLF + LF + HF) and expressed as a percentage.
Nonlinear HRV measures assess the complexity of variability in a cardiac recording. High complexity is generally associated with robust cardiac control by the autonomic nervous system (e.g., Rottenberg, 2007; Sassi et al., 2015) and has been linked to normal physical and even mental health. Lower complexity of HRV is linked to medical illness such as coronary heart disease (CHD) (e.g., Bigger et al., 1996) . Nonlinear HRV measures include the Poincare plot, recurrence plot analysis, and nonlinear entropy measures.
Among time domain, frequency domain, and nonlinear HRV measures, several measures are highly correlated (NASPE & T.F.o.t.E.a.t, 1996; Sassi et al., 2015) . Such correlations reflect the time scales used to derive the metrics. For example, RMSSD, pNN50, NN50 count, and HF power all measure changes over short time scales. These "shortterm HRV measures" are highly correlated (NASPE & T.F.o.t.E.a.t, 1996) . SDNN, TINN, RR triangular index, VLF power, and LF power are also highly correlated and can be grouped as "long-term HRV measures" (NASPE & T.F.o.t.E.a.t, 1996) . Several nonlinear HRV measures are correlated with linear measures. SD1 (Poincare plot) correlates with high-frequency power, while SD2 correlates with longer term components of HRV (Acharya, Joseph, Kannathal, Lim, & Suri, 2006; Contreras, Canetti, & Migliaro, 2007) . Two measures of detrended fluctuation analysis (DFA), alpha1 and alpha2, are highly correlated with frequency domain measures such that alpha1 is approximately equal to 2LF/(LF + HF) and alpha2 is approximately equal to 2VLF/ (VLF + LF) (Willson & Francis, 2003) . Alpha1 is regarded as a shortterm HRV measure and alpha2 a long-term HRV measure (Sassi et al., 2015) . One implication of a correlation of HRV measures may be a shared sensitivity or robustness to artifact between highly correlated HRV measures.
| AIM
Given the potential impact of artifact on the calculation of different HRV measures in 24-hr ambulatory cardiac recordings, it is important to know which HRV measures are comparatively the most robust to artifact (Stapelberg, Neumann, Shum, McConnell, & Hamilton-Craig, 2016) . This study aimed to compare the relative sensitivity of 38 commonly used HRV measures to artifact. A secondary aim was to ascertain whether short-term and long-term HRV measures, as groups, share similarities in their sensitivity to artifact.
| DATA AND METHOD

| Artificial RR interval files and human 24-hr cardiac recordings
Twenty artificial RR (ARR) files were generated using software written in Matlab (The MathWorks, 2012) by McSharry and colleagues (Clifford, Azuaje, & McSharry, 2006; McSharry, Clifford, Tarassenko, & Smith, 2002) . These ARR files simulate a 24-hr human recording and have been used previously in research (Aziz, Abbas, & Arif, 2005; Stapelberg et al., 2016) . They have a similar structure to human RR interval recordings, leading to comparable measures of HRV between the ARR files and human recordings (Aziz et al., 2005) . These ARR files are free of artifact and have recently been used to validate a preprocessing tool for RR interval recordings (Stapelberg et al., 2016) . Twenty ARR files were generated using the Matlab code available at http:// www.robots.ox.ac.uk/~gari/CODE/RRGEN/cinc2005/.
In addition, 20 human 24-hr Holter recordings were used. These recordings were randomly chosen from participants in the Heart and Mind Study, a prospective cohort study examining the relationship between psychometric measures of major depressive disorder (MDD) and measures of HRV. The 20 human recordings were manually examined by a cardiac technician to annotate artifact intervals as well as normal physiological RR intervals. The files were preprocessed to remove this artifact using a preprocessing tool (described in Stapelberg et al., 2016) . The preprocessing tool interpolated a mean of 84.32% (SD = 8.6%) of the technician-assessed artifact. Overall, the preprocessing tool had a mean sensitivity across the 20 technicianassessed cardiac recordings of 0.84 (SD = 0.09) and a specificity of 1.00 (SD = 0.01) (Stapelberg et al., 2016) . The aim was to have the human recordings as free of artifact as possible, before artificially adding artifact in specified percentages.
| The addition of artifact to artificial RR interval files and human 24-hr cardiac recordings
A program was written in Matlab added a specified percentage of artifact (1%, 2%, 3%, 4%, 5%, 6%, 7%, 8%, 9%, and 10%) to each of the 20 ARR files and the 20 human recordings. The addition of artifact was achieved by adding a fixed number of ARR intervals proportionate to the total number or RR intervals in a data file. The location of artifact to be inserted was randomly selected across the entire time series.
The amplitude of artifact was derived from a histogram of artifact intervals calculated from the 20 technician-assessed human recordings as described in Stapelberg et al. (2016) . ECG artifact intervals identified by the cardiac technician fell into two groups. The first group consisted of a false R-wave peak being introduced between two physiological R-wave peaks. This resulted in two RR intervals of shorter duration than the surrounding physiological RR intervals. This was simulated by shortening the randomly chosen RR interval and then inserting an adjacent short interval into the time series such that the two adjacent intervals added up to the magnitude of the surrounding physiological RR intervals.
The second group of artifact consisted of very long duration RR intervals resulting from the nonidentification of one or more adjacent physiological RR intervals due to overlying artifact (e.g., motion artifact). This was simulated by converting the chosen RR interval in the time series to one of long duration. A number of adjacent physiological RR intervals which closely approximated the magnitude of the artifact interval were then removed from the RR interval series.
This preserved the total length of the recording, but disrupted the time series of the recording, as occurs in reality (e.g., Peltola, 2012) .
Each percentage of artifact was independently added to each of the 20 ARR files and 20 human cardiac recordings. This resulted in 400 artifact-added files, while the 40 files without added artifact were also examined.
| Calculation of HRV measures and comparison of measures with added artifact
Thirty-eight HRV measures were calculated using Kubios HRV software (Tarvainen, Niskanen, Lipponen, Ranta-Aho, & Karjalainen, 2014) . The relative change in HRV was used to examine the change in the HRV measure as a function of the amount of artifact added.
Relative change in HRV (HRV R ) was calculated as: 
| RESULTS
For the majority of HRV measures examined, the addition of increasing amounts of artifact resulted in a linear relationship when the percent- and p values for each regression model. Table 2 Table 1 ), some do not conform well to straight- Sassi et al., 2015) , the strength of the correlations show greater variation as more artifact is added due to differences in their derivation. In Table 3 , HRV measures are not differentiated by whether they are time domain, frequency domain, or nonlinear.
| DISCUSSION AND CONCLUSION
The results showed considerable variation in the sensitivity of Despite the significant differences in the way HRV measures are calculated, it is useful to have a ranking of different HRV measures according to their sensitivity to artifact for applications such as ambulatory 24-hr Holter recordings (e.g., Rand et al., 2007) or recordings where participants have high levels of physical activity (Citi, Brown, & Barbieri, 2012) . These results are also significant in the context of the proliferation of wearable electronic devices which frequently record ambulatory biological signals with a single sensor, potentially giving rise to significant artifact in the recorded data (e.g., Heathers, 2013; Hegde, Kumar, Rai, Mathur, & Varadan, 2012; Muaremi, Arnrich, & Tröster, 2013) . In cases where artifact is likely to be present, it is recommended that HRV measures robust to artifact are used.
| The sensitivity of different HRV measures to the types of added artifact
Two types of artifact were added to cardiac recordings and ARR files. VEBs result in a short duration RR interval, followed by a longer compensatory RR interval. VEBs were not simulated in this study.
However, the short duration RR intervals that were introduced share some similarity with the initial shortened RR interval which occurs in VEBs, and so similar changes to some HRV measures are possible, 
| The effects of time series disruption on HRV measures
Time series derived from cardiac control systems show complex structures on multiple spatiotemporal scales (e.g., Costa, Goldberger, & Peng, 2002) . Disruption to the RR interval time series by artifact changes these spatiotemporal cycles or structures. Artifact arising from the nonidentification of R-wave peaks due to motion artifact (e.g., Friesen et al., 1990) can result in large artifact intervals in a cardiac recording, followed by normally detected physiological RR intervals. Missed intervals are lost in the resultant RR interval series, resulting in a "frameshift" of all resultant recorded intervals (e.g., Citi et al., 2012) .
Deletion of RR intervals, as well as insertion of artifact intervals
introduces step-like shapes into RR interval time series, with abrupt changes in the beat-to-beat variability between the intervals adjacent to the missing RR interval segments (Peltola, 2012; Salo, Huikuri, & Seppanen, 2001 ). This affects short-term time domain HRV measures, such as NN50, pNN50, and RMSSD. Sudden transitions introduced by deletions will falsely increase all three measures. As shown here, long-term time domain HRV measures are more tolerant to artifact than short-term measures, which is consistent with the literature (e.g., Peters, Vullings, Bergmans, Oei, & Wijn, 2008; Salo et al., 2001 ).
Among frequency domain measures, VEBs introduce sharp transients into the time series, erroneously increasing HF power (Mateo & Laguna, 2003; Peltola, 2012 ) and a sensitivity of both HF and LF absolute power to increased artifact was shown by Lippman et al. (1994) . In the results presented here, absolute power of HF and LF increased significantly, whereas VLF absolute power was less affected.
Despite these differences, absolute power was disrupted across all (long-term and short-term) frequency bands. Normalized power and relative power were robust to added artifact. Normalized HF power is calculated in relation to LF power and normalized LF power in relation to VLF power. Given changes across all frequency bands, some of the changes should cancel each other out, resulting in a smaller B value. Normalized HF power should still have a greater slope than normalized LF power due to the greater sensitivity of the HF band. This is observed in human and ARR data, although the differences in slope are small. Normalized spectral HRV measures are algebraically redundant with respect to each other and with respect to the LF/HF F I G U R E 2 Examples for plots of percentage artifact added (horizontal axis) against relative difference in HRV measure (vertical axis) for HRV measures which did not show a linear change with increasing artifact (correlation dimension, mean line length, and sample entropy) ratio (Burr, 2007) . Relative power metrics are derived by dividing HF, LF, and VLF by the total spectral power. As with normalized power, relative power has a reduced slope due to changes across the frequency spectrum canceling each other out to some extent.
The presence of VEBs reduces DFA alpha1, and approximate entropy (Tarkiainen et al., 2007) . In our study, DFA alpha1 and approximate entropy were both reduced by the addition of artifact. Tarkiainen et al. (2007) showed that Poincare plot SD1 and SD2 increased with the presence of VEBs. Similarly, our results show increases in both SD1
and SD2 with added artifact. When the VEBs were deleted, disrupting the time series (Tarkiainen et al., 2007) , alpha1 was increased relative to the interpolated recordings, while SD1 and SD2 were reduced.
Similarly, deletion or RR intervals resulted in a false increase in alpha1
in cardiac patients (Peltola, Seppänen, Mäkikallio, & Huikuri, 2004) .
Twenty-four-hour cardiac recordings are subject to slow linear trends known as nonstationarities (Peltola, 2012; Tarvainen, Rantaaho, & Karjalainen, 2002) (Berntson et al., 1997) . Frequency domain calculations inherently assume that the signal is at least weakly stationary (Tarvainen et al., 2002) and thus nonstationarity of an RR interval series can significantly effect frequency domain calculations. Both the FFT power spectrum (Peltola, 2012) and AR spectrum (Tarvainen et al., 2002) are affected. Nonstationarities can lead to a relative increase in the power of the VLF band, and an underestimation of power in the HF band (Tarvainen et al., 2002) . In the present study, no detrending was performed and it is possible that the results obtained for frequency domain measures are in part due to the effects of nonstationarities.
| Biological implications
Biologically, short-term components of HRV are thought to reflect vagal function (Akselrod, Gordon, Ubel, Shannon, Berger, & Cohen, 1981; Malliani, Pagani, Lombardi, & Cerutti, 1991; Pomeranz et al., 1985) , although this relationship has been shown to be more complex than originally proposed (e.g., Pyetan & Akselrod, 2003; Rottenberg, 2007) . Long-term HRV measures are thought to represent a mixture of sympathetic and parasympathetic activity Appel, Berger, Saul, Smith, & Cohen, 1989 shown to be important in illnesses such as MDD (e.g., Stapelberg, Neumann, Shum, McConnell, & Hamilton-Craig, 2011 . Shortterm time domain HRV measures have also been used to examine the relationship between HRV and MDD in 24-hr recordings, for example, pNN50 (Sayar, Güleç, Gökçe, & Ak, 2002) or RMSSD (Boettger et al., 2008; Sayar et al., 2002) . Using these measures derived from 24-hr ambulatory cardiac data may introduce error into the results obtained.
Absolute power frequency domain measures have also been used in studies of 12-to 24-hr cardiac recordings using HRV as predictors of adverse events in medical illnesses, such as cardiac events in CHD (e.g., Bigger et al., 1992 Bigger et al., , 1995 Stein, Domitrovich, Huikuri, & Kleiger, 2005) . Similar studies also used short-term time domain measures sensitive to artifact such as RMSSD (e.g., Stein et al., 2005; Zuanetti et al., 1996) .
Several studies have used HRV to examine links between MDD and CHD using 24-hr cardiac recordings. Among these are studies which have employed short-term time domain measures, for example, PNN50 (Carney et al., 1995; Stein et al., 2000) or RMSSD (Carney et al., 1995; Martens, Nyklíček, Szabo, & Kupper, 2008; Stein et al., 2000) , as well as absolute power frequency domain measures (Gehi, Mangano, Pipkin, Browner, & Whooley, 2005; Martens et al., 2008; Stein et al., 2000) . • Among the frequency domain HRV measures, normalized power measures and relative power measures are recommended above measures of absolute power for both FFT and AR calculation methods. The LF/HF ratio is relatively tolerant to artifact. The findings of this study suggest that neither FFT nor AR is superior in terms of tolerance to artifact.
• Most of the nonlinear methods examined here are tolerant to artifact. However, caution is advised in interpreting the SD1 measure of the Poincare plot, as well as recurrence rate and possibly correlation dimension due to their greater sensitivity to artifact.
Finally, the selection of HRV measures which are more robust to artifact should be considered in the context of methods to remove artifact from cardiac recordings. Human assessment of cardiac recordings to remove artifact remains the gold standard, but is error prone and dependent on the level of skill of the assessor (Berntson et al., 1990) .
Automated methods may either miss some artifact or may interpolate some normal physiological RR intervals, effectively altering the cardiac recording. Robust HRV measures would be less sensitive to any remaining artifact after preprocessing and may also be less sensitive to interpolation of normal physiological intervals during preprocessing. It is not suggested that reprocessing of cardiac recordings should be ignored if a robust HRV measure is used, but the use of good artifact correction methods with HRV measures known to be robust to artifact.
| Study limitations
While most fitted linear models had a level of significance below 0.05
for the regression equation on ANOVA, three regressions among the ARR files did not reach significance. In some cases this is due to the regression analysis method, with little or no change with increasing percentages of added artifact and a significant spread of data points resulting in little or no relationship between the IV and the DV. As noted earlier, some HRV measures show a curved distribution with increasing artifact, but these plots all showed a significance below 0.05 on linear regression. A straight-line fit was used for all HRV metrics as it described most of the data well and provided consistency across measures. A further limitation of the study is the selection of HRV measures used, which are those available in the Kubios HRV software. We acknowledge that several relevant HRV measures, or categories of HRV measure, are missing, such as measures based on symbolic dynamics Porta et al., 2001; Voss et al., 1996; Wessel et al., 2000) , multiscale entropy (Costa et al., 2002) , nonlinear prediction (Fortrat, Yamamoto, & Hughson, 1997; Porta et al., 2007; Sugihara, Allan, Sobel, & Allan, 1996) , or time irreversibility analysis (Porta et al., 2008) . These HRV metrics should be assessed for their sensitivity to artifact in a future study.
